Visual object tracking is an important function in many real-time video surveillance applications, such as localization and spatio-temporal recognition of persons. In realworld applications, an object detector and tracker must interact on a periodic basis to discover new objects, and thereby to initiate tracks. Periodic interactions with the detector can also allow the tracker to validate and/or update its object template with new bounding boxes. However, bounding boxes provided by a state-of-the-art detector are noisy, due to changes in appearance, background and occlusion, which can cause the tracker to drift. Moreover, CNN-based detectors can provide a high level of accuracy at the expense of computational complexity, so interactions should be minimized for real-time applications. In this paper, a new approach is proposed to manage detectortracker interactions for trackers from the Siamese-FC family. By integrating a change detection mechanism into a deep Siamese-FC tracker, its template can be adapted in response to changes in a target's appearance that lead to drifts during tracking. An abrupt change detection triggers an update of tracker template using the bounding box produced by the detector, while in the case of a gradual change, the detector is used to update an evolving set of templates for robust matching. Experiments were performed using state-of-the-art Siamese-FC trackers and the YOLOv3 detector on a subset of videos from the OTB-100 dataset that mimic video surveillance scenarios. Results highlight the importance for reliable VOT of using accurate detectors. They also indicate that our adaptive Siamese trackers are robust to noisy object detections, and can significantly improve the performance of Siamese-FC tracking.
Introduction
Visual Object Tracking (VOT) is an important component in many video surveillance applications to localize objects and persons, and possibly regroup their images, for further processing in applications such as scene understanding, action recognition, person re-identification, expression recognition [3, 4] . Some of the challenges faced by VOT in such real-world applications are changes in pose, illumination, occlusion, deformation, motion blur and complex backgrounds. Additionally, in real-world applications, the VOT must periodically interact with an object detector to initiate new tracks, or to validate and/or update the object template with new detector bounding boxes. The quality of bounding boxes produced using a state-of-the-art CNNbased detector can vary, and have an impact on accuracy.
VOT techniques are mainly classified as either generative or discriminative depending on whether they track by detecting the target or by discriminating the target from the background [12] . For robust discriminative tracking, adaptive trackers update the target model representation as the object's appearance changes over time. An adaptive tracker should therefore periodically initiate new tracks (e.g., every second) and update its target representations over time as the object appearance changes.
Some techniques have been proposed to combine detection and tracking, and initiate, drop tracks as target objects respectively appear and leave the scene. For example, Fast-DT [2] relies on detector confidence to drop a track, by efficiently applying the object detector on individual tracker output. Unlike Fast-DT, SORT [14] , [17] focuses mostly on data association and multi-target tracking. Recently methods such as the deep Siamese-FC network [1, 8] have been proposed to exploit the expressive powers of deep learning in VOT. These SiamFC trackers can effectively learn to represent a target object, but since they do not update the target appearance representations, there is a risk of target drift-ing due to changes over time in object appearance. These trackers locate object by finding maximum score location in the output heat map. Hence, when appearance changes abruptly or the object is occluded or partially leaves the search region, the SiamFC tracker temporarily drifts to a location that has a high response map score. Recently, DaSi-amRPN [18] tracker based on the SiamFC tracking technique further improved by incorporating distracter awareness has produced state of the art results on various tracking benchmarks.
Robust tracking can be achieved by combining a deep detector and tracker. CNN-based object detectors [9] currently provide state-of-the-art accuracy in object detection. However, tracks may drift if the bounding boxes provided by these detector are noisy, due to changes in appearance, background and occlusion. Moreover, given the computational complexity of CNN-based detectors, a key to efficient VOT is the management of detector-tracker interactions. A deep Siamese tracker for real-time video surveillance applications should minimize the number of interactions with the detector for track initiation and update.
In the literature (e.g., [7, 15] ), VOT is typically evaluated by initialising the tracker with an initial ground truth target bounding box. These bounding boxes are often tightly bound around the object without much of background noise. In some evaluation methods, bounding boxes are generated with random noise to simulate a practical scenario for tracker initialisation. But these noisy bounding box cannot fully mimic a real-world scenario.
In this paper, the interaction between deep learning models for detection and tracking are analysed with a proposed adaptive tracker. A change detection mechanism is integrated within this Siamese tracker to detect gradual and abrupt changes in a target's appearance in each frame based on features extracted by the deep Siamese network. In response to an abrupt change, the tracker triggers the object detector in order to update an evolving set of templates. Given a gradual change, templates stored in memory are applied on the search region, and the resulting response maps are integrated to locate a precise target. The pro- Figure 1 . Illustration of the tracker-detector interaction to construct facial trajectories (set of ROIs captured for the same high quality track) in a video surveillance system. Trajectories can be used for further processing, like spatio-temporal person recognition. posed Siamese tracker allows for real-time adaptation of templates, while avoiding target model corruption.
The performance of our adaptive Siamese tracker is compared against baseline Siamese FC trackers, where tracks are initialized and updated with ground truth bounding boxes (ideal object detector) and with the YOLOv3 detector. They are evaluated over several operating conditions on video surveillance like cases from OTB-100 [15] benchmark where videos contain persons or vehicles.
Tracking Objects in Video Surveillance
In video surveillance, VOT consists interacts with an object detector. Fig. 1 shows an example of the detectortracker interactions employed to produce facial trajectories or tracklets. In this case, the face-head detector initiates a new track, and defines a new target representation or template with an initial bounding box. Then, the tracker generates ROIs in subsequent frames. The tracker employs local object detection, learns the object online, and adapts to the changing object appearance and results in the object's location. The detector can also be used locally (on search regions) to validate the tracker's output. Also, in a real-time surveillance application, the detector searches globally (on the entire frames), and it is often computationally expensive to call the detector every frame. Objects are tracked by searching locally and can thereby be very efficient compared to the detector.
The main challenges of VOT in real-time applications are [2, 13] : (1) tracked objects tend to drift with time due to continuous integration of noise in the target appearance; (2) it is difficult to verify a tracker's state due to lack of reliability in tracker's confidence; (3) the appearance of targets change with time; (4) occlusions are difficult to be detected by the tracker, as there is a risk of learning the occlusion as a part of the target. Relying on a tracker that is continuously adapting does not guarantee a high-quality trajectory. Trackers that update their template on every frame assuming have a high probability of drifting. Outliers filtering may be employed in order to detect samples that are notably different from the actual target, and should be removed.
Siamese Fully-Convolutional (SiamFC) tracker [1] uses an AlexNet based Siamese network for feature extraction. The networks takes two input -target template image z and search image x -where |x| = 2|z|. The embedding ϕ for z is hence smaller than that of x. To localize the object, template features are cross correlated with that of search features to obtain a score map. The location of the maximum value in the score map gives the location of the object in the search region x. The tracker had been trained on ILSVRC [11] dataset with a logistic loss function. During tracking, the correlation map f (z, x) obtained after crosscorrelation of target template embedding ϕ(z) with search image embedding ϕ(x) is defined by:
In this paper, we focus on deep SiamFC trackers due to their robustness and potential for template adaptation.
Other variants of the Siamese FC tracker have outperformed the baseline SiamFC [1] tracker like SiamRPN [8] , SA-Siam [6] , DaSiamRPN [18] and MEMTrack [16] . They have proposed various improvements to the original SiamFC tracker such as attention mechanims, region proposal, etc. to improve overall accuracy and online model adaptation. It is however important in video surveillance to benefit from with the object detector, and adapt to changing appearance.
Adaptive Tracking Using Change Detection
In our proposed method, a real-time detector is leveraged to initialise and update a deep Siamese tracker with its object bounding box. In practice, the detector cannot produce a strict bounding box around the object, it is expected to produce bounding boxes that contain some background context too. Noisy bounding boxes may cause the tracker to quickly drift, and hence it is the tracker template that should be updated when the target appearance begins to change or the tracker starts drifting. As shown in Fig 2, integrating change detection into the Siamese tracker allows to manage detector-tracker interactions.
Target template similarity measure. As a first step to track quality measurement, a Siamese network similar to the SiamFC is employed to predict the similarity measure between current track output and tracker target appearance. The features extracted by the Siamese convolutional layers (ψ) are concatenated and a FC layer a shown in Fig. 3 (Change Detection Module) is trained to predict the similarity score between 0 and 1. The network is trained with positive and negative pairs of object templates from the same video and a random video. Unlike SiamFC tracker, the inputs to the similarity measurement network are cropped along the target bounding box alone without any background context. The feature extraction layer is similar to the one used in SiamFC tracker, with AlexNet features. The extraction of features for the target template occurs just once and is stored in the database. During tracking, it outputs a bounding box location Bbox t which is used to crop the tracked object image from the current input video stream. This template is then cropped to the CNN input size. Hence the problem of having excess background context as discussed earlier is avoided. In the rest of the paper, this similarity score is referred to as track quality measure.
Change detection with CUSUM. Changes in a data stream could be classified as gradual or abrupt depending on the time and magnitude of the change. Hence it has been proposed that in our case the change in appearance of the target would be detected by the template similarity detection module as described above and would be classified as gradual and abrupt. In order to detect change, we propose to use the Adaptive CUmulative SUM algorithm CUSUM [5] . In Eq. 2, y i is the tracker similarity measure discussed in the previous section and 3, g i is the test statistic. It is initialised to 0 at the start of the tracking and when an alarm is detected where β is the set threshold. Change is detected when g i > β. With a white noise input, it is possible that test statistic will drift away. Hence a small v is subtracted in Equation 3 to help control the drift. Therefore v and β are the design parameters.
Using CUSUM for change detection is reliable since it measures changes in similarity score using an evolving statistical model, and comparing each score to a threshold. It allows to measure tracker performance and recognise events. This is different from using a fixed deterministic similarity score because the threshold can depend on object being tracked, and its difficult to set a common threshold.
Model update strategy. As opposed to the original SiamFC tracker, the adaptive tracker updates the model dynamically during change detection. A list of tracker models are maintained. These models are selected based on tracker quality scores online during tracking, and are cropped from search regions feature maps. Their search region feature maps are larger than target template feature maps. Hence, during tracking, new models are extracted by cropping feature maps from the search region using location information from tracker output. When a gradual change is detected, i.e indication of a drifting model, the target models or features from the memory are fetched sequentially and matched against the current frame search region to obtain score maps. The final object location is derived from the summation of score maps. This is shown in Algorithm 1.
Abrupt changes are often caused by occlusion, fast moving objects and in the worst scenario even complete loss of tracking. In these cases it is helpful when a the search region location is reset by an object detector. Since the change is abrupt, it would be necessary for the the target template to be completely re-initialised by the object detector.
Object tracking. Algorithm 2 shows the full adaptive Siamese tracking system working with the change detection module. In the first frame, the tracker is initialised by the object detector. The similarity measurement network is initialised by a cropped target template. During tracking, the change detection module which includes similarity measurement and CUSUM continuously predicts scores and looks for changes in scores. We apply lower and higher thresholds to CUSUM (see Fig. 3 ). The lower threshold detects a gradual change, and higher threshold is to detect an abrupt change. In the case of gradual change (see Algorithm 1), the the tracker model is adapted. In case of a detection of abrupt change, indicating drift or drastic change in appearance of the target, the object detector is triggered to detect object and produce bounding boxes to re-initialise the tracking. Algorithm 1 is called to update memory and adapt target features. Adaptation based on gradual changes is helpful to correct tracking that has just begin drifting or to learn features from latest frames.
Experimental Methodology
Proposed and baseline trackers have been evaluated on a subset of videos of OTB-100 [15] dataset, each one containing person and vehicle being tracked in a video surveillance application. For the tracker, original training and implementation of the SiamFC [1] and DaSiamRPN [18] tracker was reproduced. The track quality measurement network was trained using ILSVRC2015 [11] dataset similar to SiamFC. This was trained as a similarity measurement network to compare tracked object image with that of a template image that initialised the tracker. Each batch for training would consist 8 pairs of positive and negative samples. Positive samples were generated similar to SiamFC and negative samples were either other images of other objects or background images around the target. The network was trained using a logistic loss function. YOLOv3 [10] object detector trained on COCO dataset was used to initialize the tracker.
Two sets of experiments were performed on the Siamese trackers, one with initialization from ground truth bounding box and the other initialised by object detector's bounding box. In a typical surveillance system as shown in Fig. 1 , the object detector would be called every N frames to discover This would be used to update the tracks. We call this a periodic update. In order to associate the detector bounding boxes with existing track bounding boxes, some of the common strategies include using Intersection Over Union (IOU) to update, or using a mo-tion model, etc. Hence in our implementation, we propose to use IOU and a constant velocity motion model with a Kalman Filter to update a tracker with detection bounding boxes and also to search for an object with a detector similar to [14] .
The measures used for evaluation performance are: (1) the OTB benchmark measure (percentage of frames with IOU > 0.5), and (2) the average overlap φ between ground truth and tracked bounding boxes over all N frames in a video sequence:
where R G t and R T t are the ground truth and tracked bounding box regions, and t = 1, 2, ..., N frames in a video.
Results and Discussion
Two sets of experiments were performed -in the first case the trackers interact with an ideal detector (ground truth bounding boxes of the object), and in the second case with a real-world YOLOv3 [10] object detector. The corresponding results are shown Tabs. 1 and 2. Column 2 of Tab. 2 shows the IOU of the object detector's bounding box and the ground truth bounding box of the object in the first frame. From the tables it can be observed that videos that had a poor detector IOU (with respect to ground truth) during initialization have an overall lower performance compared to that of the videos from the ground truth initialization. The VOT performance of deep Siamese trackers declines significantly when using the real-world object detector. However, adaptive Siamese tracking can improve tracking performance by enabling effective detector-tracker interactions especially in videos where ground truth error is high. The average speed of our Adaptive DaSiamRPN is 71 ± 15 fps and that of Adaptive Siamese is 55 ± 12 fps exhibiting real time performance.
The horizontal axis of Fig. 4 represents the average update rate for a video obtained by changing the threshold of change detection module to be more or less sensitive to changes. This alters the average rate at which the tracker is updated over an entire video. This has helped us to compare different update strategies over accuracy and complexity in terms of the average number times a detector is called over the entire length of a video. In order to analyse the interaction between noisy detections and tracker, two special cases have been selected from the OTB-100 sequences. In one case i.e car2 sequence, the detector bounding box IOU with that of ground truth bounding box of object is good i.e 70%. Hence in this case, it can be observed that the Adaptive Tracking or AdpSiam (ours) tracker, SiamFC with a periodic update are almost the same with a very marginal advantage from AdpSiam. This is due to low error in the initialization and also, the car2 sequence is an easy case with a steady movement of the object. The second case (skating2) is a more complex video from OTB-100 dataset, where the detector bounding box has a 21% IOU with the ground truth bounding box. Note that this is a person tracking video and hence the aspect ratio is greater than one. The target template would hence contain greater amount of noise as compared to the car2 sequence. This has caused the SiamFC with periodic update to perform poorly compared to AdpSiam with periodic update and AdpSiam. Also, the video in itself is complex with a few instances of occlusion background clutter.
A frame-by-frame analysis of tracking performance is shown in Fig. 5 . The horizontal axis shows the frame count, and the vertical axis shows the corresponding tracker accuracy in terms of IOU with ground truth. The performance of the original SiamFC is poor in this particular video (Hu-man8) of OTB-100 dataset. It can be seen that the tracker drifts completely at frame number eighteen. The sequence was also evaluated in the case of SiamFC tracker with a periodic update of sixty frames. This is indicated by the inverted triangle on the horizontal axis. The performance of periodic update is lower than that of the adaptive update because a fixed period of 60 fails to stop the tracker drift at the eighteenth frame. Hence adaptive detection and tracking optimise the update rate for a given video. At the same time, Note that the number of updates for the adaptive tracker is higher in this case due to the complexity of the video. With the adaptive tracker, it is possible to dynamically adjust the update rate without the need of a threshold for number of updates. The same is true for a video with fewer appearance changes. In this case, adaptive tracker reduces the number Table 2 . Same as Tab. 1 except that the templates have been initialised in the first frame using the noisy bounding box provided by the YOLOv3 detector. Any subsequent update to the templates are provided by the same detector.
of updates required while tracking based on the periodic update to the tracker would update the tracker periodically irrespective of the necessity of update.
Conclusion
In this paper, the interaction between deep learning models for detection and tracking are analysed. An adaptive Siamese tracker has been introduced that leverages a change detection mechanism to manage its interactions with a detector in real-world video surveillance applications. However, in practice object detectors are noisy, and therefore the tracks initialized with the corresponding bounding boxes tend to drift rapidly. Given the detection of an abrupt appearance change, the proposed tracker relies on the object detector to re-initialize the track template, while for gradual change detection, the detector is used to update an evolving set of templates. Results on the videos from the OTB-100 dataset highlight the importance of detection in long-term VOT -the tracking performance can decline considerably even with state-of-the-art deep YOLOv3 detector. In all cases, there is a clear benefit in updating templates on a periodic basis. The proposed adaptive Siamese tracker always outperforms the original Siamese FC and DaSiamRPN trackers especially in cases where the tracker initialization is associated with high object detection error. Using change detection allows adapting the update rate to the challenges encountered during tracking, as opposed to using only a fixed periodic update rate. This enables detector-tracker interactions that do not rely on heuristics to update the tracker templates. In future research, track quality measurements will be explored to further improved performance by training with realistic noisy samples similar to those from an object detector's output to improve immunity to noisy detector initialization. 
